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Abstract 
 The McMurdo Dry Valleys of Antarctica constitute a large and significantly ice free 
area of Antarctica at 78 degrees south latitude. The area is a polar desert but contains 
several lakes fed by glacial melt water from four to twelve weeks of the year. Over the past 
twenty years data have been gathered on the lakes located in Taylor Valley, Antarctica as 
part of the McMurdo Dry Valley Long-Term Ecological Research program (MCM-LTER). 
All data are publically available at www.mcmlter.org. This thesis is part of a larger 
investigation that seeks to understand the impact of climate on the biological processes in 
all the ecosystems within Taylor Valley, including the lakes. These lakes are stratified, 
closed-basin systems and are perennially covered in ice. Each lake contains a variety of 
planktonic and benthic organisms that live on the edge of survival in this extreme 
environment.  
The biological processes in these lakes are sensitive to small variations in climactic 
conditions. Subtle changes in these conditions can have a large impact on measures of 
planktonic production and planktonic biomass. Previous work has demonstrated that 
biological activity in the lakes is mostly driven by ice thickness because ice thickness greatly 
affects the input of photosynthetically active radiation (PAR). Stream water input of 
nutrients is also thought to be a factor in lake productivity. The work presented here 
focuses on Lake Fryxell, one of the three main lakes in Taylor Valley, which is fed by 
thirteen streams. In this thesis, a statistical approach was used to link the physical, chemical, 
and biological processes within the lake to the nutrient-bearing streams that flow into it. In 
this statistical approach stream flow data are compared to biological data to identify the 
association between stream flow and various biological parameters. Three conclusions were 
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drawn from this analysis. I then attempt to explain each of these findings through citation of 
previous work and the generation of new hypotheses. 
Firstly, it was found that biomass parameters were more affected by input of stream 
water than were biological production parameters. Other studies have demonstrated that 
there are other factors such as photosynthetically active radiation and dissolved organic 
carbon that have a significant influence on production parameters. Secondly, bacterial 
plankton responded more quickly to input of stream water than did phytoplankton. I 
explain this difference by hypothesizing that the nutrients consumed by bacterial plankton 
move more quickly through the water column than the nutrients consumed by 
phytoplankton. Lastly, it was found that a direct relationship between biological parameters 
and the log of annual average instantaneous stream discharge was most effective at 
predicting biological activity. I explain this by hypothesizing that past a certain annual 
average instantaneous discharge, stream flow has less and less of an effect on lake ecology. 
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Introduction 
The climate and geography of Taylor Valley 
 Taylor Valley is one of the McMurdo Dry Valleys which constitute the largest ice-
free area in Antarctica. It is located at approximately seventy eight degrees South latitude. 
With a mean average temperature of approximately negative twenty degrees Celsius and 
less than ten centimeters of precipitation per year, Taylor Valley is a polar desert (Fountain 
et al., 1999). In Figure 1 the three large closed basin lakes located within the Valley: Lake 
Bonney, Lake Hoare, and Lake Fryxell are displayed. In the austral summer, temperatures 
can exceed zero degrees Celsius for a number of hours per day for about four to twelve 
weeks, and glaciers in the valley melt (Fountain et al., 1999). This glacial melt constitutes 
the water supply that flows into the lakes at the valley floor.  
In some places the glaciers are in direct contact with the lakes. For example, a 
portion of Canada Glacier touches Lake Fryxell (Figure 1). Any water that enters the lake 
directly from this glacier is not gauged. However, the vast majority of the water that enters 
the lake comes from the streams that surround the lake (Fritsen et al., 1988), and most of 
these streams are gauged. In the case of Lake Fryxell, there are thirteen streams connecting 
the surrounding glaciers to the lake. All but four of these streams are gauged. Because all of 
these lakes are perennially ice-covered, direct interaction between the atmosphere and the 
lake water is limited (Lyons et al., 1998). Because of their place in a high polar latitude 
locality, the lakes are in perpetual darkness for half of the year. The McMurdo Dry Valley 
Long Term Ecological Research (MCM-LTER) program has been collecting data on the 
ecosystems within Taylor Valley since 1993 (www.mcmlter.org). 
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Figure 1: Map of Taylor Valley. 
 
A Brief Introduction to the Ecology of Stable, Closed Basin Freshwater Lakes 
Fluctuations in light, oxygen, carbon, nitrogen, and phosphorus heavily influence 
lake ecology (Moss, 1998). Lake Fryxell is a closed basin lake, with brackish salinity as a 
result. Lake Fryxell never overturns due to its stable temperature and extreme salinity 
gradient (Figures A2 and A3 in Appendix A) (Lyons et al., 1998). Due to its lack of direct 
connection to the atmosphere, this stratification of lake conditions is rarely disturbed.  
Because of this strong density gradient and water column stability, the surface waters act as 
a “biological pump” wherein nutrients and dissolved inorganic carbon fixed at the photic 
zone are later lost to the bottom waters through particle sinking (Moss, 1998). This 
particulate organic matter is mineralized at the bottom of the lake creating high 
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concentrations of CO2 and dissolved nutrients at depth (Figures A5 – A12 in Appendix A). 
Most of the phytoplankton biomass in a stable lake occurs at the transition between the 
nutrient-rich zone extending up from the bottom of the lake, and the euphotic zone 
extending down from the lake’s surface (Moss, 1998).  
 
Motivation for this Research 
 This thesis is part of a larger investigation that seeks to understand the impact of 
climate variations on the biological processes in all the ecosystems within Taylor Valley. 
The conditions for life in this extreme environment are the product of a delicate and 
unusual balance of climatic conditions. These conditions result in an ecosystem in which 
subtle changes in physical conditions can have a large impact on biological parameters. 
Biological productivity in the lakes is mostly driven by ice thickness as it greatly affects the 
input of photosynthetically active radiation (Priscu et al., 1999). Stream water input of 
nutrients is also thought to be a significant factor regulating planktonic biological processes 
(Herbei et al.). The work presented here focuses on one of the three main lakes in Taylor 
Valley, Lake Fryxell. Utilizing a statistical approach I have used stream flow data combined 
with biological data to identify the association between stream flow and various biological 
parameters. 
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Goals and Objectives 
The overall goal of this research was to investigate of the effect of climate variation 
on the lake ecosystem under investigation. Specifically, I asked the question: “how do 
variations in stream flow into Lake Fryxell affect lake ecology?” The following research 
objectives were addressed in this thesis:  
1. With a statistical approach, determine whether stream flow into Lake Fryxell 
affects the biological activity within the lake. Hypothesis: Variations in stream 
flow have a measurable effect on lake plankton processes such as primary and 
bacterial production and measures of biomass such as bacterial enumeration 
and chlorophyll-a concentration.  
2. Use the understanding gained about the influence of physical processes on 
Lake Fryxell and established general principles for these lake systems to 
generate new hypotheses that can account for statistical findings with a physical 
explanation. 
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Literature Review 
 Previous research by MCM-LTER members has demonstrated that light limits 
phytoplankton growth in the lakes in Taylor Valley (Priscu et al., 1999). Ice cover 
transparency is the primary factor affecting under-ice photosynthetically active radiation 
(PAR) in these lakes. Phytoplankton exist in very low light conditions below the photon 
saturation threshold much of the time, even in the austral summer (Lizotte and Priscu, 
1992; Priscu et al, 1999). Therefore small fluctuations in underwater PAR can have a 
profound effect on photosynthetic rates in these lakes. One of the effects of changing 
primary production (PPR) is the case in which a decline in ice cover transparency reduces 
PPR which in turn limits the uptake of soluble nutrients (Priscu, 1995). 
 Experiments and field observations have been conducted by MCM-LTER scientists 
over the past twenty years for the purpose of better determining the relationship between 
meteorological parameters and their biological response. Herbei et al. (2010) make the first 
attempt to model the relationship between these two things. Herbei et al. (2010) conducted 
this work on Lake Hoare only, but demonstrated that fluctuations in PAR and 
concentration of phosphate in the water column correspond to changes in primary 
production rates. This suggests that phytoplankton growth in the lake is greatly affected by 
fluctuations in light and nutrients. Surprisingly, Herbei et al. (2010) found little relationship 
between organic carbon concentrations and planktonic bacterial production. This did not 
support the proposed hypothesis involving an ecological relationship between these two 
parameters. 
 The work presented within this thesis is a direct outgrowth of the earlier work 
presented in Herbei et al (2010). In this thesis a similar modeling approach was applied to 
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Lake Fryxell in which the in-lake biological variations were compared to the stream 
discharge data collected over the last twenty years of the MCM-LTER. Annual average 
instantaneous stream discharge is considered a surrogate for climate variability, as it is an 
indicator of small scale climatic variability in Taylor Valley (McKnight et al., 1999; 
Fountain et al., 1999). Since there are many more streams flowing into Lake Fryxell than 
into Lake Hoare, this approach seemed more reasonable to apply to Lake Fryxell than to 
Lake Hoare. In addition, because of the direct input of nutrients and heat from stream 
water, stream variability could greatly influence both ice cover thickness and nutrient 
concentration. Both the experimental work (Priscu 1995; Priscu et al., 1999) and the initial 
modeling results (Herbei et al., 2010) have suggested that ice cover thickness and in-lake 
nutrient concentrations were the primary physical drivers of in-lake biological processes. 
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Methods 
Summary 
A Long Term Ecological Research program (LTER) has functioned in Taylor 
Valley since 1993. Data have been gathered on physical, chemical, and biological 
parameters in the lakes, the streams, glaciers, lake ice, and soil. In this thesis I utilized 
stream discharge data from this LTER program and compared it to the LTER biological 
data from Lake Fryxell. Correlations were then run comparing annual average 
instantaneous discharge to each of the four main sets of limnological productivity and 
biomass data: primary production, bacterial production, chlorophyll-a concentration, and 
bacterial enumeration. For each biological data set a correlation was run under eight 
different statistical conditions described below. Biological data were compared with stream 
discharge data from one and two years prior. For each of those two cases, four different 
simple models were applied, creating a total of eight models per biological data set: 
Model 1a: log(annual avg. inst. disch.) v. log(avg. of bio. data at a one year lag) 
Model 1b: annual avg. inst. disch. v. log(avg. of bio. data at a one year lag) 
Model 1c: log(annual avg. inst. disch.) v. avg. of bio. data at a one year lag 
Model 1d: annual avg. inst. disch. v. avg. of bio. data at a one year lag 
Model 2a: log(annual avg. inst. disch.) v. log(avg. of bio. data at a two year lag) 
Model 2b: annual avg. inst. disch. v. log(avg. of bio. data at a two year lag) 
Model 2c: log(annual avg. inst. disch.) v. avg. of bio. data at a two year lag 
Model 2d: annual avg. inst. disch. v. avg. of bio. data at a two year lag 
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Discharge Data 
The annual average instantaneous discharge for each of the streams for each year 
(in liters per second), and the total of those averages were used in generation of the models 
(Table 1). The total of the annual average instantaneous discharges of all six streams rather 
than the average of the annual average instantaneous discharges of all six streams was input 
into each of the models. A total of the annual average instantaneous discharges of the six 
streams was used rather than an average because most of the years with “no data” actually 
had an annual average instantaneous discharge below the detection limit, so using an 
average would cause an overestimate in the data.  
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Table 1: Annual average instantaneous discharge data used in biological modeling. Units: 
liters/second  
 
The discharge data were collected every fifteen minutes from stream gauges for the 
duration of the warm season each year of the program (with frequent data gaps from a few 
hours to a few weeks in length). There are gauges on nine of the thirteen streams that feed 
Lake Fryxell. Seven of these thirteen streams supply most of stream-borne fresh water to 
the lake (www.mcmlter.org). In this thesis, stream data from six of these seven streams were 
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used to run the correlations: Aiken Creek, Canada Stream, Delta Stream, Green Creek, 
Lost Seal Creek, and Von Guerard Creek (Table 1). A seventh main stream (McKnight 
Stream) was not used to generate the correlations because the gauge had fallen into 
disrepair. Each data point in a correlation (Appendix B) represents the annual average 
instantaneous discharge of each of the six gauged streams summed together for each year. 
Due to the variability in stream discharge on daily, weekly, monthly, and yearly time 
scales, a statistical approach to answer the research question was used, rather than 
attempting a test of a physical model. To illustrate the variability in stream discharge, 
examples of two flow seasons (1998 – 1999 and 2001 – 2002) are displayed below. The 
1998 – 1999 flow season for Canada Stream (Figure 2) is an example of a slightly above 
discharge year (Table 1). Note the timing of the beginning and ending of flow. The 2001 – 
2002 flow season for Canada Stream, demonstrates the relative discharge of a very high 
flow year (Figure 3). The daily average instantaneous stream discharge into Lake Fryxell in 
this year was the highest of any flow season investigated. Contrast the discharge with that of 
Figure 2. Due to the extreme nature of the discharge event for this flow season, all models 
determined this flow season to be an outlier. The 2001 – 2002 year is the far right hand 
solid point (Figures B1 – B3 and B5 – B9 in Appendix B) on all of the models used to 
correlate the four different biological variables except for the alternate bacterial production 
model. 
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Figure 2: Canada Stream daily average instantaneous discharge for the 1998 to 1999 flow season. 
 
 
 
Figure 3: Canada Stream daily average instantaneous discharge for the 2001 to 2002 flow season. 
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Logarithmic Scale versus Linear Scale 
The advantage of a logarithmic scale is that data extremes of high and low in the 
data are scaled into a tighter range. Details on very small and very large scales that would 
not otherwise be easily detectable often become apparent when employing a log scale. It is 
for this reason that log scales were used in creating the models. In Figure 4 a good example 
of how small but valid and significant trends are made apparent by the same logarithmic 
scaling process is displayed. The two plots in Figure 4 displaying the same data. Figure 4a 
shows the data with linear axes, while Figure 4b applies a log scale to both axes of the same 
data. 
 
 
 
Figure 4a: Example of why using a logarithmic scale is useful, linear scale 
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Figure 4a: Example of why using a logarithmic scale is useful, logarithmic scale 
 
 
Lake Profiles 
For the all of the Taylor Valley lakes, including Lake Fryxell, biological data were 
collected by MCM-LTER researchers three to four times per flow season. Zero depth is 
considered to be the point at the bottom of the lake ice cover. This poses some problems 
when comparing the data. The important reference is the chemocline: the boundary above 
the lake bottom that defines the beginning of the anoxic zone as depth increases. The 
height of the chemocline is nearly unchanged through time and is the most significant 
boundary in the water column because it divides the lake’s different biological regimes. 
The thickness of the ice covering Lake Fryxell changes significantly over time (Figure 5). 
The changing thickness of the ice cover and change in volume of lake water over time 
means that the zero-lake-depth point moves up and down in space over time, which 
produces an artifact in the depth profile data in which the depth of the chemocline appears 
to change over time. In this thesis only data from eleven meters and above were assumed 
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to be in the oxygenated zone, and above the chemocline. Therefore, only data from eleven 
meters and above were incorporated into my analysis. 
Lake profiles are presented in log form in this thesis. The linear scale is best for 
getting an idea of the true contrast in lake conditions with respect to time and depth, but 
usually most of the detail is lost. The log scale however is generally more practical for 
purposes of comparing subtle changes in lake conditions in time and space, and when 
comparing different lake conditions to one another. 
 
Figure 5: Thickness of the ice cover of Lake Fryxell at multiple locations over time. Figure 
courtesy of Peter Doran, data from MCM-LTER. 
 
Averages 
Averages were used to compute correlations between lake biological data and 
discharge data because there are hour to week long gaps in the discharge data and antire 
months or occasional random depths in the biological data. This occurs due to the 
seasonality of data collection and the infrequent occurrence of instrument malfunction, etc. 
Inspection of the lake profiles (depth versus time graphs) suggests the extent of this 
problem (Appendix A). Due to data gaps the discharge data are less than ideal since the 
stream discharge fluctuates wildly throughout the day and the flow season. 
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Outliers 
Outliers were removed from the correlations displayed in the results section by 
applying the Cook’s distance function in MATLAB. Cook’s distance is a widely accepted 
mathematical method used to discriminate between outliers and non-outliers in a data set 
when applying a least squares linear regression (Dr. Radu Herbei, personal comm., 2012). 
The advantage of using a mathematical method to determine outliers is that it removes the 
bias of the researcher. Manually selecting points to remove can inadvertently lead to 
inaccurate results. There is more than one way to utilize cook’s distance, for my algorithm, 
any point with a Cook’s distance greater than four divided by the number of data points 
was deemed to be an outlier (Cook, 1977). 
Four of the models were run a second time with a minor manual change. For 
bacterial production at a one year lag, the far right year was determined to be an outlier and 
removed prior to the computation of Cook’s distance thus reducing the value of n (Figure 
B4 in Appendix B). This revealed that one or two points from each of the four re-run 
models had become outliers. It is this modified version that is shown in the results section, 
(Figure 11 left panel of the summary subsection), and all versions of this model are 
displayed in Figure B4, Appendix B. 
 
Correlation Coefficient and Coefficient of Determination 
The correlation coefficient is defined as the covariance of two different variables 
divided by their standard deviations multiplied together. It is expressed as a number 
between negative one and one. Covariance can be qualitatively described as how well two 
variables change together. If two variables increase together the covariance is a positive 
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number; if one variable increases as the other decreases then the covariance is a negative 
number. Standard deviation is a measure of how the data are distributed. A data set with a 
high standard deviation contains data that are spread far above and below the mean value. 
If the standard deviation is low, the data are clustered tightly around the mean value. Since 
in the process of generating a correlation coefficient the standard deviations of the two data 
sets are multiplied together and placed in the denominator, large standard deviations 
significantly reduce the value of the correlation coefficient. 
A correlation coefficient of one would represent a perfectly straight line of points 
that can be described as points lying along a line with a positive slope. A correlation 
coefficient of negative one would represent a perfect line of points that can be described as 
lying on a line that has a negative slope. The slope of the line is irrelevant when 
determining the correlation coefficient. Only how well the line describes the location and 
trend of the points has any bearing on the determination of the correlation coefficient. A 
correlation of zero would mean that the data points display no linear trend at all. 
Once the correlation coefficient is established, the next step is to generate the 
coefficient of determination, otherwise known as the R2 value. The coefficient of 
determination is simply the correlation coefficient squared. This number (expressed as a 
percent) is used to predict outcomes of the dependent variable using only the independent 
variable. If a comparison of two variables yields a coefficient of determination of 55% it 
means that 55% of the changes in the dependent variable can be explained by changes in 
the independent variable. 
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Biological Data Used for Modeling 
The biological data input into the models employed in this thesis included primary 
production (PPR), bacterial production (BP), chlorophyll-a  concentration (Chyl-a), 
bacterial enumeration (BE). Each cell represents an average of the biological variable in the 
top eleven meters of the water column. The stream waters enter the lake directly beneath 
the ice due to their very low density resulting from high initial temperature and low salinity 
(W. Berry Lyons, personal comm., 2011). Because stream waters remain at the very top of 
the water column, only the top eleven meters of the water column (above the chemocline) 
were considered when correlating these biological variables with annual average 
instantaneous stream discharge. A very brief description of the collection and treatment of 
samples for each of the four types of biological variables follows. 
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a 
13.7
52 
14.5
47 
6.3
67 
8.8
14 
22.6
60 
12.94
3 
12.5
34 
11.37
0 9.607 6.260 6.409 6.828 7.219 
17.07
6 
BE ND ND ND ND ND 3584182 ND 
19249
09 
18079
00 
9486
00 
14672
50 
18909
44 
42377
78 
52342
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Table 2: Biological data used in modeling (www.mcmlter.org). 
 
 
Primary Production (PPR)  
PPR is measured as micrograms of inorganic C-14 uptake per liter day [µg inorg. C-
14 uptake/liter*day]. PPR is a measure of planktonic autotrophic activity. The process of 
collecting samples for generation of PPR data involves multiple steps. First, starting at the 
lake ice surface, two water samples are collected at each point along a one meter depth 
interval at the same location. These samples are collected zero to three times a year at 
roughly one month intervals. Second, the in-solution isotope carbon-14 is added to all the 
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bottles. Third, both bottles are returned to their original depth and left suspended on a line 
for twenty four hours. One bottle at each depth is a control and is opaque; the other is 
transparent so that light can penetrate. Fourth, the bottles are removed from the lake, the 
phytoplankton components are filtered out and isolated, and carbon-14 uptake is measured 
in a laboratory. Fifth, the carbon-14 uptake from each control bottle is subtracted from the 
carbon-14 uptake measured in each of the transparent bottles from the same depth. 
Further details on the collection and treatment of PPR samples are available at 
www.mcmlter.org. 
 
Figure 6: Graphic representation of the logarithmic scaled original PPR data (www.mcmlter.org). 
Important note: “No data,” “PPR below the detection limit,” and “negative PPR” are represented 
by white spaces. 
 
Bacterial Production (BP)  
BP is measured as the thymidine uptake rate using tritiated thymidine 
[nMTDR/day]. BP is a measure of planktonic bacterial heterotrophic activity. Properly 
explaining the method of collection and analysis of these samples would require several 
pages and branch into several other disciplines that are not the focus of this study. The 
details of the methodology behind collection of these samples and generation of the data 
can be found at the MCM-LTER website: www.mcmlter.org. 
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Figure 7: Graphic representation of the logarithmic scaled original BP data (www.mcmlter.org). 
Important note: “No data,” “BP below the detection limit,” and “negative BP” are represented by 
white spaces. 
 
 
Chlorophyll-a Concentration (Chyl-a)  
Chyl-a is measured as chlorophyll-a per liter [µg Chyl-a/liter]. Chyl-a concentration 
is a measure of planktonic autotrophic biomass. It is important to note that some portion 
of the lake’s plankton species are both autotrophic and heterotrophic, meaning they are 
able to photosynthesize and consume organic matter for energy. Chyl-a concentration is 
measured by filtering water samples through a glass fiber filter that filters out 
phytoplankton. The chlorophyll-a from the phytoplankton is then isolated using 90% 
acetone on the filter. The isolated chlorophyll-a is then analyzed using a fluorescence 
technique. Further details are available on the MCM-LTER website: www.mcmlter.org. 
 
Figure 8: Graphic representation of the logarithmic scaled original Chyl-a data 
(www.mcmlter.org). Important note: both “no data” and “Chyl-a below the detection limit” are 
represented by white spaces. 
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Bacterial Enumeration (BE)  
BE is a direct count of the number of cells in a given milliliter of sampled water 
[cells/ml]. BE is a proxy of bacterial biomass. Many different individual species have been 
identified and counted by the MCM-LTER, but in this thesis only the total count of all the 
bacteria present was considered in the models. It is measured using a fluorescence 
technique involving SYBR® Gold. Further details regarding the collection and analysis of 
BE samples are available at the MCM-LTER website: www.mcmlter.org. 
  
Figure 9: Graphic representation of the logarithmic scaled original BE data (www.mcmlter.org). 
Important note: both “no data” and “BE below the detection limit” are represented by white 
spaces. 
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Results 
Summary 
The model that was most successful at predicting biological activity was the log of 
annual average instantaneous discharge versus a linear scale of biological activity at a two 
year lag between discharge data and biological activity data (Figure 10, model type 2c). 
Each point represents one year. The dashed trend line represents a liner regression based 
on all data points, and the solid trend is based just on the hollow points (solid points are 
outliers). Eight models were generated for each of the four biological parameters 
(Appendix B). 
 
 
Figure 10a: Results of model 2c applied to PPR. 
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Figure 10b: Results of model 2c applied to BP. 
 
 
 
 
Figure 10c: Results of model 2c applied to Chyl-a. 
 
 
  
 
28 
 
Figure 10d: Results of model 2c applied to BE. 
 
 
There were two cases where the most successful model type did not yield the best 
correlation. Both of these cases are model 1c (Figure 11), they are the same as the most 
successful model with the single difference that these employ a one year lag, whereas 
model 2c employs a two year lag. The dashed trend line represents a liner regression based 
on all data points, the solid trend is based only on the hollow points (solid points are 
outliers). Note: the correlation for another model of BE at a one year lag was 0.01 higher, 
(Figure B8 in Appendix B) and the highest flow year outlier was removed manually from 
the BP model shown here before applying Cooks distance (Figures B3 and B4 in 
Appendix B). 
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Figure 11a: A BP result better than model 2c BP; model 1c BP. 
 
 
 
 
Figure 11b: A BE result better than model 2c BE; model 1c BE. 
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Primary Production 
The strongest correlation was in the most successful model type: model 2c – 
log(annual average instantaneous discharge) v linear(biological variable) at a two year lag – 
with a correlation coefficient of 0.48 and a coefficient of determination of 23%. Of the one 
year lag models the best correlation coefficient came from model 1a – the log-log model – 
and was 0.41 with a coefficient of determination of 17% (Figures B1 and B2 in Appendix 
B). 
 
Bacterial Production 
Twelve rather than eight correlations were produced for bacterial production, see 
the “outliers” subsection of the methods section for details. The strongest correlation here 
was in model 1c – log-linear at a one year lag – with a correlation coefficient of 0.52 and a 
coefficient of determination of 27%. Of the two year lag models the best correlation 
coefficient came from model 2a – the log-log model – with a correlation of 0.34 and a 
coefficient of determination of 12%. The most successful model type, model 2c, did not do 
as good of a job of predicting bacterial production. It produced a coefficient of 
determination of 0.30 and a coefficient of determination of only 9% (Figures B3, B4, and 
B5 in Appendix B). 
 
Chlorophyll-a Concentration 
The strongest correlation of all model types applied to chlorophyll-a was also the 
most successful model type: model 2c – log(annual average instantaneous discharge) v 
linear(biological variable) at a two year lag – with a correlation coefficient of 0.65 and a 
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coefficient of determination of 42%. Of the one year lag models, the best correlation 
coefficient came from model 1a – the log-log model – and was 0.38 with a coefficient of 
determination of 15% (Figures B6 and B7 in Appendix B). 
 
Bacterial Enumeration 
The strongest correlation found for bacterial enumeration was the best of all of the 
correlations found. All four models displaying a one year lag (models 1a through 1d) all 
produced correlation coefficients between 0.820 and 0.845, and coefficients of 
determination between 68% and 71%. In the two-year-lag models, model 2c produced the 
best coefficient of determination at 51% (Figure B8 and B9 in Appendix B). 
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Discussion 
Bacterial Processes versus Photosynthetic Processes 
Bacterial production and bacterial enumeration showed a strong correlation with 
stream water input at a one year lag while primary production and chlorophyll-a 
concentration showed a strong correlation at a two year lag with stream water input. The 
difference in response time between bacterial processes and photosynthetic processes may 
be explained by the difference in nutrients used by each. I assume that any increase in 
discharge will increase the addition of nutrients into the lake: carbon, nitrogen, and 
phosphorus (McKnight et al., 1999). Bacteria respond to the input of particulate organic 
matter in the incoming stream water. Particulate organic matter serves two main purposes 
for bacteria: first, it is a primary food source for bacteria, and second, most planktonic 
bacteria spend most of their existence adhered to particles suspended in the water. 
Phytoplankton on the other hand are dependent on dissolved inorganic carbon, nitrogen, 
and phosphorus (Moss 1998). 
The difference in how these two nutrient species disperse throughout the water 
column may account for the difference in the lag of the models that best describe bacterial 
activity (one year lag) and photosynthetic activity (two year lag). Fresh stream water first 
settles directly beneath the ice and begins to cool down. As it sits, particulate matter settles 
out of the freshly input stream water and falls to depths in the water column. This 
interaction between bacteria and descending particulate matter in the water column may be 
primarily responsible for the correlation observed between stream flow and bacterial 
activity. 
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The transport of nitrogen, phosphorus, and dissolved inorganic carbon on the 
other hand is primarily driven by diffusion or minimal small scale density driven mixing as 
the newly input stream water cools and freezes (W. Berry Lyons, personal comm., 2012). 
Diffusion of these nutrients down through the water column under these conditions is 
suspected to take longer than the decent of particulate matter. Diffusion in Lake Fryxell is 
slow enough that there is a perpetual salinity gradient between roughly 6700 milligrams of 
salt per liter and 200 milligrams of salt per liter across only fifteen meters of water depth 
(Figure A3 in Appendix A). That is about twice the salinity of the ocean near the bottom of 
the lake, to fresh water at the top of the water column. Another possibility is when the 
stream water at the surface of the lake begins to cool and freeze onto the lake’s water-ice 
surface, increasing its salinity through the process of ion exclusion from ice as the water 
freezes. The density of the water then increases to a point where it begins to mix slightly 
into the upper waters of the lake. This process may take more than one winter to occur, 
hence the two year lag (W. Berry Lyons, personal comm., 2012). 
 
The Success of the “C” model 
Four models (dubbed models a through d) were applied to each of the two possible 
lags, (one year and two year), to produce a total of eight models to explain variations in 
each of the four measured biological variables: PPR, BP, Chyl-a, and BE. Whether it was 
in a one year lag model or a two year lag model, the best correlation was always given by a 
“c” model. C models all use a linear scale for the biological data, but a log scale for the 
discharge data. This implies that past a certain annual average instantaneous discharge 
value, additional stream flow has less and less of an effect on lake ecology. This is known as 
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the point of diminishing return. I explain this finding by hypothesizing that the nutrients 
provided by the streams are no longer the limiting nutrient for the lake’s planktonic 
organisms, or that some other process related to stream flow limits plankton growth. A few 
of these other possible processes include water temperature, O2 availability, predation, and 
viral lysing. 
 
Correlation versus Causation 
In this thesis fluctuations in biological activity were compared to changes in stream 
flow. It is very important to point out that stream flow was not the only physical parameter 
changing with time. Variations in stream flow are a reflection of climatic conditions, namely 
air temperature, cloud cover, and wind strength. These same meteorological conditions 
also have an effect on the thickness of the ice cover, the width of the melted zone around 
the lake edge or “moat” (which promotes gas exchange), the amount of light available for 
photosynthesis, and mixing around the lake edge and build up wind-blown dust on the lake 
ice surface. In addition, only a few in-lake processes were considered in drawing 
conclusions about the correlation between stream flow and changes in biological 
parameters. All these processes could be influenced by the same climatic conditions that 
drive stream flow, and could all have an impact on the measured biological parameters. 
Therefore more work is needed to verify the findings presented in this paper by exploring 
other correlations between biological parameters and climate induced physical conditions. 
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Conclusions 
 The models which showed a direct relationship between biological parameters and 
the log of annual average instantaneous stream discharge were most successful. The 
analysis presented herein suggests that stream water input into Lake Fryxell has a more 
profound effect upon the lake’s planktonic biomass than on the lake’s planktonic 
productivity. Bacterial production and bacterial enumeration showed the best correlation to 
annual average instantaneous stream discharge from the year before. Primary production 
and chlorophyll-a concentration showed the best correlation to the annual average 
instantaneous stream discharge of two years prior. I hypothesize that the difference 
between these two observations is due to the difference in nutritional needs of bacteria and 
plants. 
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Recommendations for Future Work 
 In the McMurdo Dry Valley lakes, there are many factors that influence biological 
parameters, some of which are determined by climatic conditions. Further work is needed 
to constrain the other variables that affect bacterial production, bacterial concentrations, 
primary production, and plant biomass. Changes in stream flow also may show strong 
correlations to other climatically controlled variables that simultaneously affect biological 
parameters. Climatic conditions such as changes in air temperature, cloud cover, and wind 
affect not only stream flow, but also the thickness of the ice cover, the width of the “moat” 
or melted zone around the lake edge (which promotes gas exchange), the amount of light 
available for photosynthesis, mixing, and the accumulation of dust on the lake ice surface. 
Climate-driven shifts in dominant plankton species, and a host of other lake processes were 
not considered in this thesis. Statistical comparisons of biological parameters to average 
incoming solar radiation and average air temperature would enhance the understanding of 
what controls biological production and biomass within the lake. Furthermore, I also 
recommend making statistical comparisons between stream flow and incoming solar 
radiation as well as between stream flow and average air temperature to investigate what 
climatic conditions promote stream flow the most. 
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Appendix A: Physical and Chemical Lake Profiles 
Physical Conditions 
 
Figure A1: Graphic representation of the logarithmic scaled original photosynthetically active 
radiation data (www.mcmlter.org). Note: both “no data” and “PAR below the detection limit” are 
represented by white spaces. PAR unit: micro-moles of photons per square meter per second. 
 
Figure A2: Graphic representation of the logarithmic scaled original temperature data 
(www.mcmlter.org). Note: both “no data” and a temperature of zero are represented by white 
spaces. Temperature unit: degrees Celsius. 
 
 
Ion Chemistry 
 
Figure A3: Graphic representation of the logarithmic scaled original salinity data 
(www.mcmlter.org). Note: white spaces represent “no data.” Ion concentration unit: milligrams 
per liter. 
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Figure A4: Graphic representation of the original pH data (www.mcmlter.org). Note: white 
spaces represent “no data” 
 
Ammonia (NH4) 
 
Figure A5: Graphic representation of the logarithmic scaled original ammonia concentration data 
(www.mcmlter.org). Note: both “no data” and “ammonia below the detection limit” are 
represented by white spaces. Ammonia concentration unit: micro-molar. 
 
 
Soluble Reactive Phosphorus 
Figure A6: Graphic representation of the logarithmic scaled original SRP concentration data 
(www.mcmlter.org). Note: both “no data” and “SRP below the detection limit” are represented by 
white spaces. SRP concentration unit: micro-molar. 
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Carbon 
 
Figure A7: Graphic representation of the logarithmic scaled original dissolved organic carbon 
concentration data (www.mcmlter.org). Note: both “no data” and “DOC below the detection 
limit” are represented by white spaces. DOC concentration unit: milligrams per liter. 
 
 
Figure A8: Graphic representation of the logarithmic scaled original dissolved inorganic carbon 
concentration data (www.mcmlter.org). Note: both “no data” and “DIC below the detection limit” 
are represented by white spaces. DIC concentration unit: milligrams per liter. Dissolved inorganic 
carbon generally consists of CO2 and CO3. 
 
Figure A9: Graphic representation of the logarithmic scaled original particulate organic carbon 
data (www.mcmlter.org). Note: both “no data” and “particulate organic carbon below the 
detection limit” are represented by white spaces. Particulate organic carbon unit: micrograms per 
liter. 
 
Nitrogen 
 
Figure A10: Graphic representation of the logarithmic scaled original NO2 concentration data 
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(www.mcmlter.org). Note: both “no data” and “NO2 below the detection limit” are represented by 
white spaces. NO2 concentration unit: micro-molar. 
 
 
Figure A11: Graphic representation of the logarithmic scaled original NO3 concentration data 
(www.mcmlter.org). Note: both “no data” and “NO3 below the detection limit” are represented by 
white spaces. NO3 concentration unit: micro-molar. 
 
 
Figure A12: Graphic representation of the logarithmic scaled original particulate organic nitrogen 
concentration data (www.mcmlter.org). Note: both “no data” and “organic nitrogen below the 
detection limit” are represented by white spaces. Particulate organic nitrogen data unit: 
micrograms per liter. 
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Appendix B: Complete Results; 
 Models of Discharge Data versus Biological Data 
 The following figures are the complete results of all of the models tested in the 
effort of correlating biological data with stream discharge data. The “summary” subsection 
of the methods section details how each plot is generated and the reasoning behind it. In 
each of the following plots, a data point represents one year. The dashed trend line 
represents a liner regression based on all data points, and the solid trend is based off of 
only the hollow data points (solid points are outliers). 
 
 
 
Figure B1a:  log(annual average instantaneous discharge) v. log(primary production), 1 year lag. 
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Figure B1b:  annual average instantaneous discharge v. log(primary production), 1 year lag 
 
 
 
 
Figure B1c:  log(annual average instantaneous discharge) v. primary production, 1 year lag. 
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Figure B1d:  annual average instantaneous discharge v. primary production, 1 year lag. 
 
 
 
 
Figure B2a: log(annual average instantaneous discharge) v. log(primary production), 2 year lag. 
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Figure B2b: annual average instantaneous discharge v. log(primary production), 2 year lag. 
 
 
 
 
Figure B2c: log(annual average instantaneous discharge) v. primary production, 2 year lag. 
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Figure B2d: annual average instantaneous discharge v. primary production, 2 year lag. 
 
 
 
 
 
Figure B3a: log(annual average instantaneous discharge) v. log(bacterial production), 1 year lag.  
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Figure B3b: annual average instantaneous discharge v. log(bacterial production), 1 year lag.  
 
 
 
 
 
Figure B3c: log(annual average instantaneous discharge) v. bacterial production, 1 year lag.  
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Figure B3d: annual average instantaneous discharge v. bacterial production, 1 year lag.  
 
 
 
 
Figure B4a: log(annual average instantaneous discharge) v. log(bacterial production), 1 year lag. 
Figure B4a is the same as Figure B3a but with the extreme outlier (the 2001 – 2002 flow season) 
removed. See the “outliers” subsection of the methods section for an explanation.  
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Figure B4b: annual average instantaneous discharge v. log(bacterial production), 1 year lag. 
Figure B4b is the same as Figure B3b but with the extreme outlier (the 2001 – 2002 flow season) 
removed. See the “outliers” subsection of the methods section for an explanation.  
 
 
 
 
 
Figure B4c: log(annual average instantaneous discharge) v. bacterial production, 1 year lag. 
Figure B4c is the same as Figure B3c but with the extreme outlier (the 2001 – 2002 flow season) 
removed. See the “outliers” subsection of the methods section for an explanation.  
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Figure B4d: annual average instantaneous discharge v. bacterial production, 1 year lag. Figure 
B4d is the same as Figure B3d but with the extreme outlier (the 2001 – 2002 flow season) 
removed. See the “outliers” subsection of the methods section for an explanation.  
 
 
 
 
 
Figure B5a: log(annual average instantaneous discharge) v. log(bacterial production), 2 year lag.  
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Figure B5b: annual average instantaneous discharge v. log(bacterial production), 2 year lag.  
 
 
 
 
 
Figure B5c: log(annual average instantaneous discharge) v. bacterial production, 2 year lag.  
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Figure B5d: annual average instantaneous discharge v. bacterial production, 2 year lag.  
 
 
 
 
 
Figure B6a: log(annual average instantaneous discharge) v. log(chlorophyll-a concentration), 1 
year lag. 
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Figure B6b: annual average instantaneous discharge v. log(chlorophyll-a concentration), 1 year 
lag. 
 
 
 
 
 
Figure B6c: log(annual average instantaneous discharge) v. chlorophyll-a concentration, 1 year 
lag. 
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Figure B6d: annual average instantaneous discharge v. chlorophyll-a concentration, 1 year lag. 
 
 
 
 
 
Figure B7a: log(annual average instantaneous discharge) v. log(chlorophyll-a concentration), 2 
year lag. 
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Figure B7b: annual average instantaneous discharge v. log(chlorophyll-a concentration), 2 year 
lag. 
 
 
 
 
 
Figure B7c: log(annual average instantaneous discharge) v. chlorophyll-a concentration, 2 year 
lag. 
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Figure B7d: annual average instantaneous discharge v. chlorophyll-a concentration, 2 year lag. 
 
 
 
 
 
Figure B8a: log(average instantaneous discharge) v. log(bacterial enumeration), 1 year lag. 
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Figure B8b: average instantaneous discharge v. log(bacterial enumeration), 1 year lag. 
 
 
 
 
 
Figure B8c: log(average instantaneous discharge) v. bacterial enumeration, 1 year lag. 
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Figure B8d: average instantaneous discharge v. bacterial enumeration, 1 year lag. 
 
 
 
 
 
Figure B9a: log(average instantaneous discharge) v. log(bacterial enumeration), 2 year lag. 
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Figure B9b: average instantaneous discharge v. log(bacterial enumeration), 2 year lag. 
 
 
 
 
 
Figure B9c: log(average instantaneous discharge) v. bacterial enumeration, 2 year lag. 
 
 
 
 
  
 
60 
 
Figure B9d: average instantaneous discharge v. bacterial enumeration, 2 year lag. 
 
 
 
